
Overview 
Goals:	
  The	
  goal	
  of	
  this	
  research	
  is	
  to	
  develop	
  and	
  implement	
  a	
  new	
  computa6onal	
  and	
  theore6cal	
  
method	
  for	
  modeling	
  biological	
  systems	
  that	
  fills	
  a	
  gap	
  in	
  modeling	
  mass	
  ac6on	
  dynamics.	
  Based	
  on	
  
sta6s6cal	
  thermodynamics,	
  the	
  method	
  bridges	
  data-­‐poor	
  scales	
  (parameters	
  for	
  mass	
  ac6on	
  kine6cs)	
  
and	
  data-­‐rich	
  scales	
  (chemical	
  poten6als	
  of	
  metabolites,	
  and	
  metabolite,	
  protein	
  &	
  transcript	
  data)	
  to	
  
enable	
  predic6ve	
  modeling	
  from	
  enzyma6c	
  reac6ons	
  (10-­‐3	
  to	
  100	
  s-­‐1)	
  to	
  gene	
  and	
  protein	
  regula6on	
  
(~20	
  minutes)	
  to	
  circadian	
  rhythms	
  (24	
  hours).	
  We	
  are:	
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Modeling and Simulation 
The	
  new	
  approach	
  to	
  the	
  law	
  of	
  mass	
  ac6on	
  does	
  not	
  require	
  rate	
  parameters	
  but	
  instead	
  uses	
  chemical	
  
poten6als	
  (1).	
  Due	
  to	
  the	
  sta6s6cal	
  formula6on	
  of	
  the	
  theory,	
  the	
  approach	
  can	
  directly	
  integrate	
  
metabolomics	
  and	
  proteomics	
  data.	
  We	
  are	
  using	
  these	
  methods	
  to	
  fundamentally	
  understand	
  the	
  
rela6onship	
  between	
  metabolism	
  (2,3)	
  and	
  molecular	
  circadian	
  clocks	
  with	
  regard	
  to	
  the	
  role	
  of	
  the	
  
circadian	
  clock	
  in	
  increasing	
  the	
  metabolic	
  efficiency	
  of	
  the	
  cell	
  (4).	
   

Circadian Clocks 
Circadian	
  clocks	
  lie	
  at	
  the	
  epicenter	
  of	
  cellular	
  physiology	
  for	
  both	
  
fungal	
  and	
  mammalian	
  cells,	
  both	
  of	
  which	
  share	
  clocks	
  with	
  
equivalent	
  regulatory	
  architecture.	
  At	
  the	
  core	
  of	
  these	
  clocks,	
  a	
  
heterodimeric	
  transcrip6on	
  factor	
  (TF)	
  drives	
  expression	
  of	
  genes	
  
whose	
  protein	
  products	
  feed	
  back,	
  physically	
  interact	
  with,	
  and	
  
depress	
  the	
  ac6vity	
  of	
  their	
  heterodimeric	
  ac6vator.	
   

Simulation Scenarios	
  
u  Case	
  1.	
  Steady	
  state	
  metabolite	
  concentra6ons	
  available	
  

compensation mechanism to keep period length similar
under different conditions of temperature and nutrition
and ability to use changes in the environment as time signals
– are the cardinal characteristics that make a biological
rhythm a circadian rhythm.

This review will focus on contributions to the field of
chronobiology gleaned from the study of the circadian system
in Neurospora crassa, with a detailed look at the central
clock protein FREQUENCY (FRQ), its protein–protein
interactions, and its regulation through post-translational

modification (PTM). While oscillatory behavior has been
observed in strains lacking FRQ (see, de Paula et al., 2006;
Shi et al., 2007; Schneider et al., 2009), these noncircadian
rhythms will not be covered here. Finally, a brief comparison
between the fungal and animal clocks will be made to
highlight the many conserved features between these two
kingdoms.

Introduction to N. crassa

Neurospora crassa has a long history as a genetic model
dating from when Bernard O. Dodge recognized the poten-
tial of Neurospora genetics and encouraged Thomas H.
Morgan and Carl Lindegren to pursue further work (Tatum,
1961). It was through Dodge’s enthusiasm that George W.
Beadle, along with research associate Edward Tatum, began
their biochemical genetic studies by isolating metabolic
mutants of Neurospora (Beadle & Tatum, 1941), fully estab-
lishing the organism as a modern genetic model. Neurospora
is a filamentous fungus classified under the phylum
Ascomycota and is widely distributed in nature (Davis,
2000). Neurospora is commonly found in its vegetative state
growing as a mycelium of haploid hyphae. The tubular
hyphae form incomplete septae, undergo cytoplasmic
streaming, and contain multiple nuclei that can be of
different genotypes, comprising a heterokaryon. Neurospora
crassa undergoes both sexual and asexual reproductive
cycles. Upon certain cues, mycelia can undergo a develop-
mental switch and begin to form aerial hyphae that segment
into the asexual spores called macroconidia. Macroconidia,
also known simply as conidia, are characteristically bright
orange due to carotenoid pigments and are strongly hydro-
phobic. This process of conidia production is controlled in a
daily manner and peaks just before dawn.

The physical manifestation of the internal clock through
conidial production is perhaps the primary reason why
Neurospora helped to found the molecular era of clock
research and continues to contribute to our understanding
of clock biology. These rhythms manifest as alternating
zones of mycelia and conidia production that form a linear
pattern down a simple glass tube (so-called race tubes, Fig.
2a). Briefly, a small amount of an agar-based defined growth
medium is injected into a hollow tube, and after the
medium is solidified, a culture is inoculated with conidia at
one end. This culture is allowed to grow under constant light
(LL) before transfer to constant darkness (DD) in order to
synchronize the clocks in the growing hyphae and set them
to subjective dusk. Under these conditions, Neurospora
grows with a quasilinear growth rate down the tube where,
under control of the circadian oscillator, a developmental
switch is thrown into one of two positions. In the late
subjective night, the mycelia that are laid down are deter-
mined to differentiate and they do so by forming patches of
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Fig. 1. Oscillator model for the circadian clock. (a) Circadian systems

comprise three essential elements: an endogenous self-sustaining oscil-

lator, an ability to sense environmental time cues (Input), and physiolo-

gical output tied to the oscillator at distinct phases. Environmental

variables such as light and temperature can entrain or couple the core

clock via input pathways. The central oscillator is based on the interplay

between positive acting factors driving the expression of negative factors

that feed back to inhibit the positive complex. A critical component to

this feedback is a mechanism for time delay of the negative state variable

that reflects the !24 h nature of the physiological rhythms. (b) The

organization of molecular components of the feedback loop in Neuro-

spora crassa. The entraining variables of light and temperature impact

different parts of the oscillator, light acting through the photoreceptor

function of WC-1 to induce the transcription of frq and temperature

acting to modulate amounts of FRQ. WC-1 and WC-2 form the WCC

complex. FRQ and FRH form the FFC complex. Rhythmic output is

primarily generated through rhythmic expression of clock-controlled

genes (ccgs), but can also be due to changes in mRNA stability and

possibly phosphorylation. Kinases contribute to the time delay by

influencing the stability of FRQ.
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  This	
  nega6ve	
  feedback	
  loop,	
  yielding	
  oscillatory	
  TF	
  ac6vity,	
  is	
  the	
  basis	
  of	
  fungal	
  and	
  animal	
  
circadian	
  rhythms.	
  	
  Output	
  from	
  the	
  clock	
  occurs	
  when	
  these	
  TFs	
  regulate	
  genes	
  whose	
  products	
  do	
  
not	
  impact	
  the	
  core	
  feedback	
  loop.	
  For	
  organisms	
  having	
  a	
  circadian	
  clock,	
  nearly	
  all	
  genes	
  are	
  
effec6vely	
  clock-­‐regulated,	
  yielding	
  the	
  profoundly	
  rhythmic	
  metabolism	
  that	
  has	
  a	
  major	
  impact	
  on	
  
adapta6on,	
  op6mal	
  efficiency	
  of	
  the	
  cell,	
  enzyme	
  produc6on	
  and	
  both	
  normal	
  and	
  disease	
  
physiology.	
  	
  Neurospora	
  crassa	
  is	
  the	
  best	
  studied	
  cellular	
  circadian	
  system	
  and	
  is	
  a	
  well-­‐established	
  
model	
  for	
  eukaryo6c	
  including	
  mammalian	
  clocks.	
  Neurospora	
  provides	
  an	
  extremely	
  tractable	
  
system	
  in	
  which	
  to	
  pioneer	
  modeling	
  of	
  these	
  cellular	
  clocks	
  and	
  their	
  influence	
  on	
  metabolism.	
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•  Implemen6ng	
  a	
  simula6on	
  approach	
  that	
  uses	
  
chemical	
  poten6als	
  rather	
  than	
  rate	
  constants.	
  This	
  
approach	
  involves	
  a	
  rescaling	
  of	
  the	
  fast	
  degrees	
  of	
  
freedom,	
  resul6ng	
  in	
  a	
  compression	
  of	
  the	
  6me-­‐
dependence	
  to	
  fewer	
  rela6ve	
  scales.	
  	
  

•  Understand	
  the	
  rela6onship	
  between	
  central	
  
metabolism	
  and	
  circadian	
  rhythms	
  by	
  using	
  a	
  mul6-­‐
scale	
  model	
  that	
  includes	
  regula6on	
  of	
  the	
  clock.	
  	
  

Given	
  the	
  constraints	
  of	
  the	
  network	
  and	
  known	
  
steady-­‐state	
  concentra6ons,	
  we	
  use	
  the	
  least	
  
biased	
  probability	
  distribu6on	
  to	
  infer	
  missing	
  
metabolite	
  steady	
  state	
  concentra6ons	
  and	
  fluxes	
  
by	
  assuming	
  a	
  maximum	
  entropy	
  produc6on	
  
produc6on	
  principle. 
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Red:	
  stochas6c	
  kine6c	
  simula6ons.	
  	
  	
  
Blue:	
  simula6ons	
  using	
  chemical	
  poten6als.	
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Experimental Design 
In	
  a	
  data	
  set	
  well	
  beyond	
  anything	
  available	
  in	
  any	
  other	
  circadian	
  system,	
  the	
  en6re	
  assemblage	
  of	
  
clock-­‐controlled	
  genes	
  has	
  been	
  described,	
  and	
  data	
  are	
  in-­‐hand	
  to	
  delineate	
  all	
  clock-­‐controlled	
  
proteins,	
  including	
  enzymes,	
  and	
  the	
  clock-­‐controlled	
  metabolites	
  to	
  which	
  they	
  give	
  rise	
  (4).	
  Each	
  
step	
  from	
  gene	
  to	
  protein	
  to	
  metabolite	
  is	
  regulated	
  and	
  the	
  en6re	
  assemblage	
  can	
  be	
  modeled	
  using	
  
this	
  unparalleled	
  data	
  set.	
  	
  
	
  
The	
  circadian	
  cycle	
  is	
  approximated	
  in	
  (A)	
  by	
  the	
  nega6ve	
  feedback	
  loop	
  in	
  which	
  the	
  heterodimer	
  
WC-­‐1/WC-­‐2	
  drives	
  expression	
  of	
  frq	
  which	
  feeds	
  back	
  with	
  other	
  proteins	
  (not	
  shown)	
  to	
  depress	
  
WC-­‐1/WC-­‐2	
  ac6vity.	
  	
  In	
  (B),	
  WC-­‐1/WC-­‐2,	
  in	
  turn,	
  ac6vate	
  clock-­‐controlled	
  TFs	
  (curved	
  blue	
  arrows)	
  
and	
  these	
  in	
  turn	
  regulate	
  addi6onal	
  TFs,	
  in	
  all	
  comprising	
  a	
  hierarchical	
  network	
  downstream	
  from	
  
the	
  clock.	
  This	
  transcrip6onal	
  network,	
  now	
  largely	
  described	
  from	
  ChIP-­‐seq	
  data	
  for	
  over	
  50	
  TFs,	
  acts	
  
as	
  a	
  dynamic	
  filter	
  for	
  6me	
  informa6on	
  generated	
  by	
  the	
  circadian	
  oscillator	
  in	
  (A).	
  	
  In	
  the	
  aggregate	
  
the	
  TFs	
  within	
  this	
  transcrip6onal	
  network	
  act	
  on	
  downstream	
  genes	
  in	
  a	
  combinatorial	
  manner	
  to	
  
regulate	
  their	
  expression.	
  	
  Shown	
  in	
  (C)	
  is	
  the	
  heat	
  map	
  showing	
  rhythmic	
  expression	
  of	
  the	
  
Neurospora	
  genome	
  as	
  determined	
  by	
  RNA-­‐seq	
  of	
  samples	
  collected	
  every	
  2	
  hrs	
  over	
  48	
  hrs	
  in	
  
constant	
  darkness.	
   

A. The Neurospora 
circadian oscillator, and 
transcription–translation 
negative feedback loop. 

 B. The circadian 
transcriptional output 
network as determined by 
ChIP-seq.  
 
 
 
 
 
C. Heat map showing 
rhythmic expression of the 
Neurospora genome over 
48 hrs in constant 
darkness.  

u  Case	
  2.	
  Missing	
  steady	
  state	
  concentra6ons.	
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Thermokinetic circadian response analysis 
We	
  will	
  extend	
  our	
  genome-­‐scale2	
  thermokine6c1	
  	
  model	
  of	
  
Neurospora	
  to	
  predict	
  how	
  circadian	
  rhythms	
  propagate	
  to	
  
metabolite	
  concentra6ons	
  and	
  fluxes	
  and	
  to	
  inves6gate	
  
how	
  the	
  clock	
  regulatory	
  network	
  is	
  influenced	
  by	
  and	
  
compensates	
  for	
  changes	
  in	
  metabolite	
  levels6	
  (right,	
  top).	
  
Predic6ons	
  and	
  data	
  will	
  be	
  compared	
  using	
  circadian	
  
response	
  analysis5	
  and	
  Kullback-­‐Leibler	
  divergence.	
  
Different	
  circadian	
  responses	
  can	
  be	
  understood	
  by	
  a	
  water	
  
flow	
  (right,	
  middle)	
  or	
  lava	
  flow	
  analogy	
  (right,	
  boQom).	
  

(A)	
  Steady	
  state	
  trajectories	
  (offset	
  by	
  +5).	
  (B)	
  Non-­‐
equilibrium	
  transient	
  trajectories.	
  (C)	
  Steady	
  state	
  counts	
  of	
  
the	
  intermediate	
  B	
  from	
  100,000	
  simula6ons.	
  (D)	
  Steady	
  
state	
  net	
  reac6on	
  rate	
  (flux)	
  values	
  over	
  the	
  same	
  set	
  of	
  
simula6ons	
  as	
  in	
  (C).	
  	
  


